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Abstract
Smartphones are very common devices in daily life that have a built-
in tri-axial accelerometer. Similar to previously developed acceler-
ometers, smartphones can be used to assess gait patterns. However,
few gait analyses have been performed using smartphones, and their
reliability and validity have not been evaluated yet. The purpose of
this study was to evaluate the reliability and validity of a smartphone
accelerometer. Thirty healthy young adults participated in this study.
They walked 20m at their preferred speeds, and their trunk accel-
erations were measured using a smartphone and a tri-axial accel-
erometer that was secured over the L3 spinous process. We developed
a gait analysis application and installed it in the smartphone to
measure the acceleration. After signal processing, we calculated the
gait parameters of each measurement terminal: peak frequency (PF),
root mean square (RMS), autocorrelation peak (AC), and coefficient
of variance (CV) of the acceleration peak intervals. Remarkable
consistency was observed in the test–retest reliability of all the gait
parameter results obtained by the smartphone (p< 0.001). All the
gait parameter results obtained by the smartphone showed statisti-
cally significant and considerable correlations with the same pa-
rameter results obtained by the tri-axial accelerometer (PF r= 0.99,
RMS r= 0.89, AC r =0.85, CV r= 0.82; p < 0.01). Our study indi-
cates that the smartphone with gait analysis application used in this
study has the capacity to quantify gait parameters with a degree of
accuracy that is comparable to that of the tri-axial accelerometer.




alking is a natural form of movement, and most
people walk every day to perform a variety of
common tasks such as shopping and traveling. This
most natural capability, however, is commonly
influenced by major cerebral impairments,1 severe musculoskeletal
disorders,2 and aging.3
The study of human movement, an area that has been actively
researched for many years, has sought to identify and characterize
gait patterns. For years, the quantitative analysis of gait patterns
has been studied in gait laboratories that are equipped with many
sophisticated measurement and analysis devices such as ground
reaction force plates and three-dimensional kinematic motion
analysis systems.4,5 However, the use of such facilities requires
specialized personnel and laboratory environment. Moreover, most
of the equipment is costly, and the data acquisition procedures are
often cumbersome. In fact, for some time now, the use of facilities
for gait analysis has been limited to field research and clinical
settings.
More recently, wireless tri-axial accelerometers are being used
widely for gait analysis because they are easy to use and inex-
pensive and they do not require a laboratory environment.
Henriksen et al.6 found the reliability of trunk accelerometric gait
analysis to be satisfactory, as it yielded high values for intraclass
correlation coefficient (ICC) and low values for measurement
error and coefficients of variation. By conducting a personal
computer analysis of the raw acceleration data collected from a
person’s gait, it is possible to quantify the variability, regularity,
and rhythmic pattern of the person’s gait.7 Accelerometric gait
analysis enables us to assess gait patterns from the perspective of
gait stability, which is different from the previously used kine-
matic approach.
A current and quite recent trend has seen the deployment of ac-
celerometers in off-the-shelf cellphone handsets such as smart-
phones, and studies of gait analysis and measurements of
anticipatory postural adjustments have been attempted using a
smartphone accelerometer.8,9 Lemoyne et al.9 performed gait anal-
ysis experiments using a smartphone that demonstrated the capacity
to accurately quantify gait parameters with a sufficient level of
consistency. Thus, smartphones may have the potential to assess gait
patterns as competently as accelerometers. However, gait analysis
using smartphones has not been explored widely, and its reliabil-
ity and validity have not yet been evaluated. Therefore, the purpose
of this study was to evaluate the reliability and validity of a smart-
phone accelerometer. In this study, gait parameters obtained by a
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Students at Kyoto University were recruited as subjects for this
study. 17 men and 13 women volunteered, none of whom reported
present or previous diseases or injuries associated with gait and/or
balance impairments. Informed consent was obtained from all sub-
jects prior to their participation, in accordance with the guidelines
approved by the Kyoto University Graduate School of Medicine
(approval number E1095) and the Declaration of Human Rights,
Helsinki, 1975.
TEST PROCEDURES
The subjects were instructed to walk on a 25-m smooth, horizontal
walkway, with a 2.5-m space at each end of the walkway for acceler-
ation and deceleration. Thus, measurements were performed over a
distance of 20m. Subjects walked the length of this walkway three times
at their preferred speeds, wearing shoes that did not influence their gait.
APPARATUS
We used two kinds of acceleration measurement terminals: One
equipped with a smartphone (Xperia SO-01B, Android operating
system version 2.1, 139 g, 119· 60· 13.1mm, Sony Ericsson Co.,
Japan) and the other equipped with a tri-axial accelerometer (model
WAA-006, 17 g, 38· 39· 10mm, ATR-Promotions Co., Japan). The
smartphone and the tri-axial accelerometer were taped together. With
the method used by Moe-Nilssen and Helbostad,10 the terminals were
secured over the L3 region, which is close towhere the body’s center of
mass is believed to be located during quiet standing. We developed a
gait analysis application and installed it in the smartphone to measure
the acceleration of the terminal. This application measured the ac-
celeration of an Android smartphone and immediately displayed the
gait analysis results on the smartphone’s screen. In our gait analysis,
the sampling rate of acceleration measurement for the smartphone
was set at SENSOR_DELAY_FASTEST, which is the highest mode
listed in the specifications for an Android smartphone. Because the
sampling rate was not constant, we adjusted
the sampling rate of the acceleration mea-
surement in the smartphone to 0.03 s during
interpolation. In total, 256 samples (7.68 s)
of acceleration data were obtained from
each measurement terminal and analyzed.
For the same reasons as above, the sampling
rate of the tri-axial accelerometer was set
to 0.03 s.
DATA PROCESSING
We selected the following gait para-
meters, according to previous studies:
peak frequency (PF),11 root mean square
(RMS),10 autocorrelation peak (AC),11,12
and the coefficient of variance (CV) of the acceleration peak in-
tervals.13,14
The PF value indicates the gait cycle, which is the time taken for
one step. The RMS value indicates the degree of gait instability; thus,
a higher RMS value indicates a lower degree of stability. The AC value
indicates the degree of gait balance, so a higher AC value indicates a
greater degree of balance. The CV value indicates the degree of gait
variability (i.e., the variability in the elapsed time between the first
contacts of two consecutive footfalls). To calculate the gait param-
eters, we used the absolute values of the tri-axial acceleration data to
decrease the influence of the measurement terminal posture. Let
at1:tn = at1 , at2 , . . . , atn denote the set of all acceleration absolute values
acquired from time t1 to tn, for t1 £ tn. Let at and n, respectively,
denote the acceleration absolute value at time t and the number of all
acceleration absolute values acquired from time t1 to tn.
PF DETECTION PROCEDURE
The PF fp of acceleration data at1:tn was detected with high accu-
racy based on the PF candidate fp¢, which was detected from the
smoothed acceleration data in order to decrease the influence of the
high-frequency measurement noise that accompanied PF detection.
The PF detection procedure is shown in Figure 1. First, acceleration
data at1:tn were smoothed using a low-pass filter. Second, the PF
candidate, fp¢, was detected where the power spectrum at frequency fp¢
was the highest peak in the frequency space to which the smoothed
acceleration data were converted by fast Fourier transformation.
Finally, PF fp was detected in the frequency space to which acceler-
ation data at1:tn were converted, where the power spectrum of PF fp
had the highest peak around PF candidate fp¢.
PROCEDURE FOR CALCULATION OF RMS












Here, let t1 and tn, respectively, denote the start time and the stop time
of our gait analysis measurement.
Fig. 1. Peak frequency detection procedure. FFT, fast Fourier transform.
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PROCEDURE FOR DETECTION OF AC
The procedure for detection of AC is shown in Figure 2. AC Rp from
the autocorrelation function was detected by using PF fp. This al-
lowed us to detect AC Rpwith a high degree of accuracy, based on the
hypothesis that the gait cycle is related to the time lag of when AC
detection.10 The AC detection method was follows. First, the auto-
correlation function was calculated from the acceleration data. at1:tn .
The autocorrelation function was represented by the sequence of the









Here, let xt denote the normalized acceleration data, which was cal-
culated by both the mean aMEAN and standard deviation aSD of the




Let n denote the number of acceleration data samples in our gait
analysis. Finally, AC Rp was detected as the highest peak around the
lag related to gait cycle T ( = 1/fp).
PROCEDURE FOR CALCULATION OF CV
The CV was calculated by using the group of positive peak time
candidates detected in the smoothed acceleration data. This re-
duced the influence of the high-frequency measurement noise
that accompanied positive peak detection. Here, the positive peak
indicated the acceleration data with a positive convex shape on
the acceleration waveform. First, acceleration data at1:tn were
smoothed using a low-pass filter. Second, each positive peak on
the smoothed acceleration waveform was detected as a group of
positive peak candidates. These measured times were extracted as a
group of positive peak time candidates. Third, each positive peak of
acceleration data at1:tn was detected where each peak was the
highest around each positive peak time candidate on the acceler-
ation waveform. The time intervals between the neighboring pos-
itive peaks were then calculated. Finally, the CV was calculated





The test–retest reliability of the gait analysis performed using the
smartphone was assessed using the ICCs (ICC1, 1) of the values of the
gait parameters obtained by the smartphone (PF, RMS, AC, and CV).
The criterion-related validity was determined by evaluating the
correlation between the gait parameters obtained by the smartphone
and the tri-axial accelerometer using Spearman’s correlation coef-
ficient r. Data were recorded and analyzed using the Statistical
Package for the Social Sciences (Windows version 19.0). Statistical
significance was considered at p < 0.01.
Results
SUBJECT CHARACTERISTICS
The subjects were between 18 and 27 years old, with a mean age of
20.9 – 2.1 years. The mean height and weight were 167.3 – 7.8 cm and
60.4 – 7.7 kg, respectively. The mean gait speed and cadence were
1.41 – 0.03m/s and 121.03 – 1.35 steps/min, respectively.
TEST–RETEST RELIABILITY
Remarkable consistency was observed in the test–retest reliability
of all the gait parameter results obtained by the smartphone
( p < 0.001): PF ICC1, 1 = 0.906, 95% confidence interval (CI) 0.83–
0.95; RMS ICC1, 1 = 0.902, 95% CI 0.82–0.95; AC ICC1, 1 = 0.752, 95%
CI 0.55–0.87; and CV ICC1, 1 = 0.777, 95% CI 0.59–0.89.
CRITERION-RELATED VALIDITY
The acceleration waveforms of the smartphone and tri-axial ac-
celerometer are shown in Figure 3. All gait parameter results obtained
by the smartphone showed considerable and statistically significant
correlations with those obtained by the tri-axial accelerometer
( p < 0.01) (Table 1).
Discussion
The results of this study indicate that the gait parameters
obtained by the smartphone are reliable. Furthermore, the
smartphone and the tri-axial accelerometer showed similar ac-
celeration waveforms (Fig. 3). The parameters obtained by the
smartphone were considerably correlated with those obtained by
the tri-axial accelerometer. Thus, the smartphone with gait
analysis application used in this study offers high test–retest
reliability and has the capacity to quantify gait parameters as
Fig. 2. Autocorrelation peak detection procedure.
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accurately as a tri-axial accelerometer. The gait parameters used
in this study (PF, RMS, AC, and CV) can be used to assess gait
patterns from different perspectives.10–14 The PF indicates the
gait cycle. The RMS indicates the degree of gait instability; the
higher the RMS, the lower is the degree of stability. The AC in-
dicates the degree of gait balance; the higher AC, the greater is
the degree of balance. The CV indicates the degree of gait vari-
ability. It is possible that accidental falls in elderly people could
be predicted using these parameters.13,15 This indicates that
smartphones have the potential to assess the risk of fall and can
be used as a new tool for fall prevention in the future.
Smartphones offer several important advantages that are useful
for a potential portable medical device.8,9 First, smartphones are
now ubiquitous devices, and they are less expensive than the
conventional accelerometers. Second, they can process and save
large amounts of data and convey gait data via both wireless
transmission and e-mail. This enables us to assess gait patterns
easily in daily life. Third, smartphones are equipped with appli-
cations that are flexible and that can be easily improved. For these
reasons, a smartphone is more advantageous than a conventional
accelerometer for gait analysis. However, this
application appears difficult to manipulate
and needs to be improved for greater ease of
use. Recently, some researchers have studied
the use of smartphones as a self-monitoring
or management tool, for example, in cardiac
and pulmonary rehabilitation.16,17 We con-
sider that such applications can be used for
the promotion of public health. In this con-
text, there is a need to develop smartphones
equipped with applications such as the one
used in this study. Such new medical devices
could then be used not only for young people
but also for the elderly to prevent falls, to
enable self-monitoring activities of ortho-
pedic patients, etc.
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